A Stitch In Time Saves Nine: A Train-Time Regularizing Loss for Improved Neural Network Calibration
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Highlights

* [Novelty] We propose an auxiliary loss to overcome miscalibration

Proposed Solution Experimental Results

We propose a novel train-time regularizing auxiliary loss function called 1. Superior performance against trainable calibration methods

- [Multi-class Calibration] Entire probability vector (all K classes) taken into account Multi-class Difference in Confidence and Accuracy (MDCA) Datase Model | g BCE TE | SCE ECE TE | SCE ECE TE | SCE ECE TE | SCE ECE  TB
i i i i CIFAR10 ResNet32 6.60 2.92 7.76 8.41 4.00 7.06 8.17 3.31 8.41 948 441 7.87 3.22 0.93 7.18
° . ResNet56 5.44 2.17 7.75 7.59 3.38 6.53 9.11 3.71 8.23 7.71 3.49 7.04 2.93 0.70 7.08
[PO-WGrfUI ReQUIarlzer] MOdeIS tralne_d USIng our mEthOd are relatlvely We” Avg Confldence Avg Count CIFAR 100 ResNet32 197 532 3353 | 282 1131 2967 | 279 1109 31.62| 177 1.69 3215 172 149 31.58
calibrated even under domain/dataset drift P ResNet56 186 469 3072 | 277 929 4343 | 235 861 2875 171 190 29.11| 160 072 298
1 K 1 b SVHN ResNet20 2.12 0.45 3.56 4.29 2.02 3.83 9.18 4.34 4.12 18.98 9.37 4.10 1.90 0.47 3.92
- - - - ResNet56 2.18 0.66 3.25 2.16 0.49 3.32 9.69 448 4.26 26.15 13.23  3.65 1.51 0.23 3.85
 [Superior Calibration] Outperforms SOTA methods on various datasets and models Loron = —— Z ‘ _— Z S; [4] Zqi (5] ’ Mendeley V2 ResNes0 | 1176 375 1843 | 1451 829 1747 | 1304 345 1506 | 1043 964 1971 || 8568 481 1795
o d I -f- - = = I - - = = K —1 Nb 1 Tiny-ImageNet ResNet34 | 1.53 7.79  43.00 ‘ 2.11 17.40 36.68 | 1.62 9.71 40.75 ‘ 1.18 1.91 37.01 H 1.17 1.99 3749
[Beyon Image C a‘SSI ICatlon] PromISIng resu tS In Semantlc Segmentathn In J= = 20 Newsgroups  Global-Pool CNN | 725.82  13.71 25.93 \ 719.83 15.30 28.07 | 731.31 12.69 28.63 \ 940.70 4.52 30.80 H 487.82 16.55 27.88
Images and NL classification tasks T . . L .
J Number of classes Number of samples in a mini-batch 2. Superior class-wise calibration 3. Performance under dataset drift
- - - etho Classes Method Art Cartoon Sketch | Average
UnderStandlng Callbrathn Our Proposed Auxiliary L.oss e 0 1 2 3 4 S5 6 7 8 9 NLL 6.33 17.95 15.01 13.10
Cross Entropy 0.20 062 033 065 023 036 025 026 021 041 LS [3¥] 7.80 11.95 10.88 10.21
) _ _ _ l Focal Loss [ ] 0.30 048 2.41 0.18 0.38 [}.l'?“-“ 033 036 032 030 FL‘[ | 861 16.62 10.94 12.06
€& If a calibrated model predicts an event with 0.7 confidence, then 70% of the 77 Brerseoe 2] 093 028 040 043 025 026 023 047 01 037 Biier Sccve ] 65 BB Be ) B
- . > L = [ -+ /8 . L MMCE [26] 178 235 212 200 174 187 165 176 170 184 C Lo 9 8.0 99 3 49
times the event transpires botal I e R i ASD ]
. . T Ours (FL+MDCA) 022 016 024 025 022 016 016 017 025 020 Ours (FL+MDCA) 6.21 1191 11.08 | 9.73
Inputs (x) Outputs (s) K = Number One-Hot Classification Loss Hyper-parameter
. of Classes GT Encoding (q) s e Entro 4. Mitigating overconfident mistakes 5. Performance under data imbalance
; 0.03] Cow : . * —e Focal Loss
f K = 3 (in this case) L Label Smoothing 0.35 NLL 05 — L+ MDCA CIFAR10 SVHN
, | 0 Cow ey B g Method IF-10 IF-50 IF-100 IF-2.7
BT . 0.90 s B g8 iio o] e mmmmmmmmmama-
H— — | U =2 k) o |1 | oog Input DNN Outputs L - Sampled incorrect M I
0.01 |0.07 ] Cat R S 5 £ 010 o] L_Qr_egiyi_tl_qn_S_qn_ly__: LS [34] 1488 2630 20.79 18.80
yi = arg max s; [y| 0 10 | cat T ! l 3 GLUIRC oz H‘Hl’ 2o ) TH MMCE (26 510 905 ass | 18
095] s, yely , ) B I = L Oé Bdemoer om0 UG FLSD [37] 16.05 3135 30.28 18.98
DNN 1 q: Calibration | = 0.05] Dog DCA [31] 18.57 32.81 35.53 4.29
Sl y: — GT ClaSS Label q MethOd I : :% ¥ post—Hoc 0.85 Cat 6. Mitigating Over/unc er Confidence Ours (FL+MDCR) | 11.83 22.97 26.89 | 1.90
1 e
L . L e R | T e Other results include
Top-Label Calibration Multi-class Calibration | ‘ v . ol . Superior semantic seqmentation results
- . R . Trainable ' ' i g1 f Sl o Sosg  f . .
P(yi =vy; | slys) =p) =p Ply=y; |silyl=p)=p Vyc) Calibration - o001 Dog LA CLAURMERY | LI Ll - Superior performance against post-hoc
Method 2, oogl ¢ " Meomaenee” " Voonienee” calibration methods
i i i rain 954 {
Problem: Modern Neural Networks are neither top-label nor multi-class calibrated ’ Qualitative Result
Ualltative ReSults

M eaS U rl n g Cal I b ratl O n r---l Frozen Post-H = HOLGNESE Trainable * No hold-out set 1 Truck % Input Image TS Calibrated Ours
O 1 OSt-10C . : ~ Airplane 92 % ruc 69 %
Architecture B e required i required = sl sy ’ B e ile 90 = o
- - - .y - - , * Only a few * Millions/Billions of = Frog 0.0 % Airplane 0.8 %
1. Quantitative Measures 2. Reliability Diagrams Trainable Method parameters available | Method parameters available :
Architecture 0(1)/0(K)/0(K?) esrealibrtion % Airplane 52 % Truck 99 % 7 08
- . ] 1.0 - 2 S Bird 47 % Automobile 0.0 % 7
« [ECE] Expected Calibration Error: It calculates the O3 Outputs = . S Frog 0.0 % Airpiane’ .0 % S
0.8 Gap e o} * The output confidence values are for illustration purposes only K = Number of Classes (a)GT: B <l (b) GTs Truek

absolute difference between the model's accuracy e il

P .
and confidence. It captures the information about Ll R A ,q 0 | o
. . =) ///__'._ j Person 99 4 Guitar 95 ;é
tOp-'&b@' CallbratIOn g Odgsaropeena / = gﬁftap gé ;: Eg;son ig ;:

« [SCE] Static Calibration Error: A simple class-wise |
extension to ECE that captures multi-class okl
calibration 0.0 02 04 06 08 1.0
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(e) Class Activation Maps (CAMs)



